Abstract: This research study proposes an innovative analysis for controlling the defects in aluminium die casting industry. In this analysis, casting process of a two-stroke engine oil pump body is concentrated. The component selected has often rejected due to blow hole defects. Six Sigma, the zero defect approach, is used in this study. Define measure, analyse, improve and control (DMAIC) problem solving methodology is applied for problem analysis. Taguchi's experimental design is used for process validation and improvement. The confirmation experiment showed that the rejection rate was reduced to 4.8% from 17.22%. The application of Six Sigma program with Taguchi technique has developed an innovative cost effective methodology for controlling defects in die casting process in less experimental time.
Introduction
Quality and productivity are an integral component of organisations' operational strategies (Juran, 1988) . In the globalisation of markets and operations, focus on quality and productivity is of utmost importance (Feigenbaum, 1991; Elshennawy et al., 1991) . Quality improvement in operations and production has been one of the most significant influences for organisation to be successful (Pande et al., 2000) . Corporate consistently strives to build quality into their products based on customer needs (Juran, 1988) . For manufacturing quality products, continuous improvement (CI) methodologies have been developed to get better productivity of the operations (Hobbs, 2004; Nave, 2002) . During the past two decades, the quality progress has provided a broad collection of CI methods to accelerate the process of improving quality and productivity that supports the business growth (Cox et al., 2003) .
Six Sigma is one of the recent CI approaches which are applied in the best-in-class companies (Bessant and Francis, 1999) . Six Sigma is a highly structured process improvement framework that uses both statistical and non-statistical tools and techniques to eliminate process variation and thereby improve process performance and capability (Antony and Banuelas, 2002 ). Minimising defects to the level of 3.4 defects per Million opportunities (DPMO) is at the heart of this methodology (Harry, 1998; McAdam and Lafferty, 2004) . To achieve target, this approach seeks to identify and eliminate defects, mistakes or failures in business processes by focusing on process performance characteristics (Snee, 2004) .
Six Sigma approach have been found to be important profit drivers in a variety of industries (Caulcutt, 2001) , highlighting the economic dimension of quality improvement. By employing DMAIC methodology, most of the Six Sigma efforts are focused on taking variability out of the existing processes (Park et al, 2005; Bhote, 2002) . DMAIC is anagram of the major phases within the methodology namely, define measure, analyse, improve and control (Breyfogle, 1999) . The define phase entails the definition of the problem and critical-to-quality (CTQ) characteristic. The measure phase selects most appropriate quality characteristic to be improved and establishes metrics. In analysis phase, the root causes of defect are analysed. In improve phase, simple but powerful statistical tools/techniques are used to reduce the defect or process variations. In control phase, the way of sustaining the improvement is formulated and put in force (Pyzdek, 2001; Montgomery, 1998) . The DMAIC frame work utilises various tools and techniques like control charts, quality function deployment (QFD), failure mode and effect analysis (FMEA), design of experiments (DoE) and statistical process control (SPC) for variation management to drive out defects in operations. Among the available collection of tools and techniques, application of DoE is at the heart of DMAIC cycle (Breyfogle, 1999a) . DoE technique helps to identify key process parameters and to subsequently adjust them in order to achieve sustainable performance improvements (Pande et al., 2002) . This technique determines significant factors and factor interactions that affect variability within a product at the improvement stage of Six Sigma application (Antony, 2001 ). There may be situations when there is a trade-off in the selection of process parameter levels to identify the optimum parameter level (Antony et al., 1999) . To tackle the conflicting situations, Japanese scientist Taguchi (1986) has developed robust design approach (Robinson et al., 2003) . Robust design is an efficient and systematic methodology that applies statistical experimental design for improving product and manufacturing process design (Tsui, 1992) . Robust design approach analyses the signal-to-noise (S/N) ratios as a means of finding a robust solution (Maghsoodloo, 1990) . The loss function is a contribution of robust design approach to address the process variability. This quadratic loss function informs about money value and product variability to all management. Classical DoE do not directly emphasise the reduction of process variability and translate this need to economical considerations for management (Breyfogle, 1999) . Moreover, classical DoE approach is deemed too costly and time consuming because of full factorial designs (Ross, 1988) . Orthogonal array (OA)-based Taguchi DoE has been recognised as an economical tool to optimise process parameters in industry for quality and productivity (Nataraj et al., 2007) . Taguchi technique found an alternative experimental design strategy to drive out the fit fall in classical approach. The basic promise between classical and Taguchi approach to higher quality is that one proposes that higher quality costs more and the other proposes that higher quality costs less (Kackar, 1985) .
There are currently few publications that have spoken the application of Taguchi methodology in Six Sigma projects. This study is an initiative to practice Six Sigma DMAIC concepts with Taguchi's experimental design. Since the casting process is prone to defects, this new approach is proposed in a die casting industry. Today, most of the automobile components are manufactured by die casting process; any reduction in defect level can benefit not only the manufacturer but also the end user. This paper presents a case study performed to eliminate the casting defects in two stroke engine oil pump body. The organisation was encountering blow holes defect in oil pump body casting. In Six Sigma improve phase, Taguchi experimental design approach is used to optimise the casting process parameters. L 27 OA is used to make casting process optimisation with minimum amount of data. The application of a Six Sigma methodology (DMAIC) with Taguchi's DoE has developed a structured defect control framework to improve productivity and product quality of die casting processes with less cost and time.
Organisations wants to increase profits, it should increase productivity as well as quality (Park, 2003) . Without improving quality, increasing the productivity may not be right. But improving quality will results in improved productivity. Deming (1986) , looking at the relationship between quality and productivity, stresses improving quality in order to increase productivity. To become an excellent company, the management should find ways to improve quality as well as productivity simultaneously. Then, several benefits result:
• Productivity rises.
• Quality improves.
• Cost per good unit decreases. Price can be cut.
• Workers' morale improves because they are not seen as the problem.
Stressing productivity only may mean sacrificing quality and possibly decreasing output as case 1 explained in Table 1 . Increasing productivity by 10% may pressurise the production resources and may results in 20% defective. Number of good items drops to 80% lesser than original 90%. Very often quality improvement results in productivity improvement as illustrated in case 2 in Table 1 . By continually trying to improve quality of items produced, the defect rate can be brought to 1% from 10%.
This results in increased productivity by 9% as shown. Any focus on improving the process quality results in a reduction of defective units, yielding an increase in good units, quality, and eventually productivity. Improving productivity through quality can produce all the desired results: better quality, less rework, greater productivity, lower unit cost, price elasticity, improved customer satisfaction, larger profits and more jobs. After all, customers get high quality at a low price, vendors get predictable long-term sources of business, and investors get profits, a 'win-win' situation for everyone.
The Six Sigma programme
Six Sigma is a philosophy for company-wide quality improvement (McAdam and Lafferty, 2004) . Six Sigma is a powerful breakthrough business improvement strategy that enables companies to use simple and powerful statistical methods for achieving and sustaining operational excellence (Harry and Schroeder, 1999) . The statistical representation of Six Sigma describes quantitatively how a process is performing (Banuelas et al, 2005) . The numerical goal of Six Sigma is reducing defects to less than 3.4 parts per million (PPM), reducing cycle time and dramatically reducing costs which impact the bottom line (Behara et al., 1995; Goh and Xie, 2004) . As a process improvement method, Six Sigma is largely mechanistic or process focused (McAdam and Lafferty, 2004) . Figure 1 illustrates the basic measurement concept of Six Sigma (Park, 2003) . Sigma quality level includes a ± 1.5 σ shift in mean value to account typical shifts and drifts of the process mean. Table 2 shows the number of PPM that would be outside the specification limits if the data were normally distributed with mean shifted to ± 1.5 σ. DMAIC is a disciplined and quantitative approach of Six Sigma for improving the product or process quality (Hahn and Doganaksoy, 2000) . DMAIC provide teams a methodological framework to guide them in the conduct of improvement projects (Pande et al., 2002; Pyzdek, 2003) . The flowchart for DMAIC quality improvement process is sketched in Figure 2 (Linderman et al., 2003) . Phase 0 (Definition): This phase is concerned with identification of the process or product that needs improvement. It is also concerned with benchmarking of key product or process characteristics of other world-class companies.
Phase 1 (Measurement): This phase entails selecting product characteristics; i.e., dependent variables, mapping the respective processes, making the necessary measurement, recording the results and estimating the short-and long-term process capabilities.
Phase 2 (Analysis):
This phase is concerned with analysing and benchmarking the key product/process performance metrics. Following this, a gap analysis is undertaken to identify the common factors of successful performance.
Phase 3 (Improvement): This phase is related to selecting those product performance characteristics which must be improved to achieve the goal. Once this is done, the characteristics are diagnosed to reveal the major sources of variation. Next, the key process variables are identified usually by way of statistically designed experiments including Taguchi methods and other robust DoE. The improved conditions of key process variables are verified.
Phase 4 (Control):
This last phase is initiated by ensuring that the new process conditions are documented and monitored via SPC methods. After the 'settling in' period, the process capability is reassessed. Depending upon the outcome of such a follow-on analysis, it may become necessary to revisit one or more of the preceding phases.
Taguchi method
In the 1980s interest in quality improvement among quality engineers and statisticians in the West grew substantially. Most emblematic among the originators of this interest is the Japanese Engineer Genichi Taguchi. He invented and promoted an offline quality control concept that encompasses all stages of the product/process development (Nataraj and Arunachalam, 2006) . This concept represents a view on quality in which variation plays a dominant role. This view on quality is generally accepted (Nair, 1992) . Two prime concerns of Taguchi's approach are:
1 How to reduce economically the variation of a product's function in the customer's environment?
2 How to ensure that decisions found optimum during laboratory experiments will prove to be valid and reliable in manufacturing? (Nataraj and Arunachalam, 2006) Furthermore, Taguchi introduced an alternative experimentation methodology using OAs (Ross, 1988) to determine the near optimum settings of process parameters for performance robustness (Nataraj et al., 2006b ). The adequacy of this methodology has been the subject of much debate among statisticians (Nair, 1992) , though it is popular in engineering (Jugulum and Dichter, 2001 ). Taguchi emphasises the importance of variation reduction in quality improvement. Based on the results of an experiment, settings for the control variables are chosen such that the process is made robust against variation in the nuisance variables. The performance of a robust product is minimally affected by environmental conditions in the field, by the extend of usage, or by item-to-item variation during manufacturing (Nataraj et al., 2006a) . The Taguchi's experimental approach is accompanied with analysis of variance (ANOVA), OAs, and S/N ratio (Ross, 1988; Nataraj et al., 2006b) .
Analysis of variance
ANOVA is a statistical method used to interpret experimental data and make necessary decisions. The ANOVA breaks the total variations into accountable sources; total variation is decomposed into appropriate components. The ANOVA analysis may be of:
1 No-way ANOVA in which the total variation (SS T ) is broken into variations due to average/mean of all data point relative to zero (SS m )and variations of individual data points around the mean (SS e ).
T m e SS SS SS = + 2 One-way ANOVA considers the effect of one controlled parameter upon the performance of a product or process. Here the total variation (SS T ) is broken into:
• variations due to average/mean of all data point relative to zero (SS m ) 3 Two-way ANOVA is the highest order of ANOVA analysis where two controlled parameters are in the experimental situation. Here the total variation (SS T ) is decomposed into:
• variation due to factor A (SS A )
• variation due to factor B (SS B )
• variation due to interaction of factors A and B (SS A×B )
• variation due to error (SSe). 
Orthogonal arrays
Based on DoE theory, Taguchi's OA provide a method for selecting an intelligent subset of the parameter space. OA is a matrix having rows and columns filled with factor levels orthogonally. This orthogonal arrangement assures each and every level of each and every factor comes in combination with each and every level of each and every other factor. The number of columns in an OA indicates the maximum number of factors that can be studied. OA is an efficient Taguchi test strategy to evaluate several factors in a minimum number of tests as shown in Table 3 and obtains much information from few trails. 
S/N ratio
Robust design approach uses a statistical measure of performance called S/N ratio (Nataraj et al., 2006b) . S/N ratio is used to choose the control levels that best cope with noise while accounting for both mean and variability. It is a ratio of the mean (signal) to the standard deviation (noise). Several S/N ratios are made available for choice based on the type of quality characteristic to be considered as illustrated below:
1 lower is better This case study deals with the reduction of casting defects in aluminium pressure die casting industry. The problem was tackled using a Six Sigma DMAIC problem solving methodology. The basic equation of Six Sigma, Y = f(x), defines the relationship between a dependent variable 'Y' or the outcome of a process and a set of independent variables or possible causes which affect the outcome. In this case study, 'Y' is the loss in productivity due to an unacceptable number of defective castings.
The company
The subject company is a south Indian SME who produces many automobile aluminium components for their various clienteles in India and abroad. Among the various components produced in lots, two stroke engine oil pump body has selected for this analysis. The reason for selecting this component is that the oil pump body has more rejections than the rest. The castings are manufactured in pressure die casting method. Around 90% of the company's output is being supplied within India. Since the operation is mainly of 'made to order' nature, occurrence of defects in large-scale affects the production output which in turn makes hard to meet orders. Moreover, the company has agreered to some orders under penalty basic for the shortage in supply to customers. Even most of the casting defects are noticeable after the casting process; some may be identified after a preliminary machining process. Normally, the machining process is carried out at the customer end. In such cases, the company has to supply more number of castings than ordered to compensate the rejections. The component selected for this study is one such type being used in two wheeler's engine as lubricating pump. Since it is the heart of engine assembly, presence of any defect in the casing may lead to severe consequences in operation. At the customer end, the castings are put in heat treatment process for 24 hours before starting the machining operations. During machining, blow holes are noticed particularly at the flange section of the component. Presence of such a casting defect may result in oil seepage when the assembly is put in operation. At this point of rejection, the casing costs considerable to the client company. Hence, it becomes imperative to produce porous free castings not only to reduce rejections but also to minimise the cost of rejection.
Define phase
This phase of the DMAIC methodology is aimed at defining the scope and goals of implementing Six Sigma in terms of customer requirements and developing a process that delivers these requirements. This defect control study was of the most important to top management of the company as it was known that an effective solution to this problem would have a significant impact on overall productivity as well as client satisfaction on product quality. In this project, occurrence of blow holes in the oil pump body is the prime concern. After performing a number of brainstorming exercises it is arrived at the conclusion that the presence of blow holes was primarily influenced by the die casting process. The solution to this problem was unknown and the impact of the problem was very severe as it leads to a low quality and high rejection.
Measure phase
This is essentially a data-collection phase. At this phase, the following two important aspects were addressed.
Data collection
Production and rejection statistics of oil pump body for the completed 20 batches are collected from the company's record and it infers that the rejection was in increasing trend as shown in Figure 3 . 
Calculation of present sigma level
The existing process capability is expressed in terms of sigma quality level for the purpose of comparing the improvement after the case study. Sigma quality level of each batch is calculated through the following steps:
• calculating defects per unit of the batch (DPU)
• calculating defects per opportunities (DPO)
• calculating defects per million opportunities (DPMO)
• determining the sigma level corresponding to DPMO level.
The defects per unit (DPU) is:
Total number of defects observed in the batch Total number of units prodeuced in the batch DPU = In this case, rejections due to blowholes are only concerned. Any other opportunities for rejection are not accounted. Hence, the number of opportunities is one.
Hence, defects per opportunities (DPO) is:
By the same token, defects per million opportunities (DPMO) is:
1, 000, 000
The sigma quality level with ± 1.5 σ shift is determined (Breyfogle, 1999) Table 4 summarises the sigma level calculation for all batches and it clearly indicates that process performance is poor and it needs improvement. Existing process capability is varying from 1.86 σ to 3.23 σ with an average of 2.51 σ and the defect level ranges between 42,000 to 346,200 units with a mean of 17.22% out of a million outcomes. 
Analyse phase
This phase is intended to analyse the data to determine the direction of process improvement. In this case, it is important to identify the possible sources of variation which lead to blowholes. A cause and effect study is conducted and parameters, thought to contribute to more blowholes are listed as shown in Figure 4 . Among the possible parameters, five (metal temperature, intensifier pressure, metal degassing frequency, 2nd phase turns, and metal mixing ratio) are selected for further analysis. The rest were distinguished as constant parameters and kept steady throughout the analysis. This selection of parameters of interest and their working range are based on field expertise and field executives' opinion.
Improve phase
In this phase, Taguchi DoE is conducted with the five process parameters identified from the analysis phase.
Taguchi's DoE methodology
Step 1 Determination of factor levels
It is decided to have 3 levels for each factor to accommodate the non-linear relationship between factors as shown in Table 5 . Step 2 Selection of OA It is interested to study the two-factor interaction effects on the component in respect to formation of blowholes. The selected interactions are:
• metal temperature [P] and intensifier pressure [Q]
• intensifier pressure [Q] and metal degassing frequency [R]
• metal temperature [P] and metal degassing frequency [R] .
To select the appropriate OA matrix to fit the case study, it is required to count the degrees of freedom (DOF). To reach near optimum parameter level combination, the minimum number of tests that must be performed will be identifiable with DOF. Total DOF is counted by adding DOF of the number of control parameters which is equal to one less than the number of level. This case study required minimum of 22 tests to get optimum parameter settings as shown in Table 6 . To cater this situation, an OA with at least 22 DOF needed to be selected. Hence, L 27 , a three-level OA with DOF = 27 which is greater than DOF of the factors and interactions, is selected.
Table 6
Degrees of freedom
Step 3 Arranging factors and interactions L 27 OA columns
Main factors P, Q, R, S, and T are assigned to columns 1, 2, 5, 9 and 10, respectively by using the linear graphs shown in Figure 5 . The columns subsequent to main factor columns evaluate the interaction of those factors. By using the triangular table shown in Table 7 , the interactions PQ, QR and PR are assigned to columns 3 and 4, 8 and 11, and 6 and 7, respectively and resultant L 27 matrix is shown in Table 8 . ---1  1  2  3  4  2  4  3  5   ----7  6  11  13  12  8  10  9   -----1  4  2  3  3  2  4  6   -----5  3  12  11  10  9  8   ------3  4  2  4  3  2  7   ------12  11  13  9  8 10 Step
Execution of experiments
The casting process is carried out as per the factor settings in each test condition and 1,000 components are produced in two replications. The number of good components is recorded as response for each test. Since the experiment response is number of good components, 'higher is best' S/N ratio characteristic selected and calculated using the below equation and recorded as shown in Table 9 . Step 5 Data analysis
The data collected in two replicates of 27 trials are analysed and mean values of response and S/N ratio are arrived for main factors and interactions as shown in Table 10 . Mean response for factor P at level 1 is calculated by averaging the responses of tests in which the factor P is kept at level 1. Table 10 .
Step 6 Response curve analysis Mean response and mean S/N ratio values are plotted against each level of factors to draw the response curve. Response curves are graphical representation of change in performance characteristics for the variation in factor levels. From Figure 6 , optimum factor levels are identified based on the 'higher is best' S/N ratio characteristic and listed in Table 11 . Step 7 ANOVA analysis
It is interested to identify the most influencing process parameter causes blow holes. Pooled ANOVA analysis is done on the output response data at 95% confidence interval as deployed in Table 12 . The ANOVA summary showed that the factor Q, S and T has no influence on the response where as the factors P (metal temperature) and R (degassing frequency) have a substantial influence on the response. Also interactions of P with Q and with R played a considerable role in blowholes formation. Note: Significant at 95% confident level.
Step 8 Mean response predicting To validate the optimum factor level setting for future process, confident interval and the mean response are estimated as below: 
489.58
Confidence interval for the population is calculated using the following formula (Ross, 1988) : In this study:
• α risk is taken as 0.10
• Confidence = 1 -risk
• v e -DOF for error variance is 41 from Table 4 • V e = 1,929.65 from ANOVA table 
Step 9 Confirmation experimental result A confirmation test is conducted with batch volume of 1,000 pieces at the optimum factor settings. Out of 20,000 components produced in 20 batches, the client report showed that 1296 components are rejected due to blowholes after machining. The confirmation experiment results inferred that the rejection rate is brought to 4.8% in average as shown in Figure 7 . 6 Findings of the research study The cumulative contribution of process parameters up to 84% is found critical for casting quality. Metal temperature and degassing frequency were found influencing parameters for casting defect. Interactions of metal temperature with intensifier pressure and degassing frequency also found critical for blowholes formation. 12.42% reduction in defect level has resulted in productivity improvement by 10.74% with marginal cost of quality control.
Calculation of sigma level after study
The defects per unit (DPU) is:
Total number of defects observed in the batch Total number of units produced in the batch 1, 296 / 20, 000 0.0648 This paper has explored how best casting industries can take steps to control or minimise defects through Six Sigma programme. Six Sigma DMAIC approach has been extremely utilised for statistical analysis of the problem. Taguchi's robust design practice was used as improvement strategy to discover optimum process parameter settings. L 27 OA-based experimental design was carried out to study the variations in casting quality at different levels of the process parameters. From the response graph analysis, it could be observed that the highest process yield could be attained at the combined settings of parameters P(3), Q(1), R(1), S(1), and T(3), i.e., metal temperature at 715 degree centigrade, intensifier pressure at 220 kg/cm2, degassing frequency of 320 shots/degas, 2nd phase turns at 3 nos. and metal mixing ratio as 60:40. Pooled ANOVA analysis has performed and found metal temperature and degassing frequency are vital process parameters which contributed nearly 84% of variations in output casting quality. The experimental results have been validated by confirmation tests and found the casting process capability improved from 2.51 σ to 3.03 σ by reducing the defect rate by 12.42% (17.22-4.8) as illustrated in Figure 8 . The results of this project provided better motivation for the future applications of Six Sigma methodology across all the components manufactured by the company. Taguchi DoE has become a part of working culture of the company on the realisation its worth by the management. The benefits of adopting the Six Sigma problem solving methodology have been convinced of and it has been linked directly to the strategic goals of the company. 
Research implications
Much of this study is devoted to improve the product quality through the process optimisation. But the costs associated with this improvement drive are not accounted anywhere in this study. Investing much on quality improvement will have adverse impact on productivity. This study will have substantial support where the cost of poor quality is more. Before going to improve either quality or productivity, the cost of improvement against savings should be analysed. Even this may not be the case for many, as an improvement drive, it should have favourable results in all aspects of the business. Future research may be evoked to incorporate cost components into the analysis for synchronising the improvement on quality and productivity.
